Introduction
Increasing concentrations of atmospheric greenhouse gases (GHGs), and consequent global warming are almost certainly responsible for significant changes in global climatic patterns (IPCC, 2007; Xu et al., 2011) . Climate change impacts are most severely experienced by communities whose livelihoods are heavily dependent on climate-sensitive sectors such as agriculture, water resources and forestry (Xu et al., 2013) . Shifts in the availability of water resources are expected to be among the most significant consequences of projected climate changes (IPCC, 2007; Kingston and Taylor, 2010) . Perturbations to the hydrological system will have implications for runoff volume and timing, ecosystem dynamics, social and economic systems. The intensity of the impacts at local level and the vulnerability of communities and ecosystems to these impacts are highly dependent on the particular characteristics of the area, as well as the magnitude and spatial distribution of the changes that will be experienced (Hagg et al., 2007; Matondo et al., 2004) .
Given the vital role of water resources in socio-economic development, the potential hydrological impacts of climate change pose a significant challenge for water resource planning and management. Consequently, such impacts of climate change have been widely studied, mainly using water balance models coupled with General Circulation Models (GCMs). Impacts have been attributed to the associated long-term changes in the dominant climate variables: precipitation and temperature (Chien et al., 2013; Hansen et al., 2006) . The hydrological simulations based on climatic projections have shown relatively minor dependence on the hydrological model used compared to the choice of climate models (Bates et al., 2008; Kay et al., 2006) . Although GCMs are primary tools for climate change impact assessment, there is a mismatch between the fine-scale nature of local hydrological processes and the coarse resolution of GCMs. Consequently, downscaling techniques varying in complexity and approach have been developed and used (Liu et al., 2008; Murphy, 1998; Wilby and Wigley, 1998; Xu, 1999) .
Despite the growing interest in assessing the hydrological impacts of climate change, the underlying uncertainties in simulation of hydrological responses to climate change are still a challenge. Under stable climate conditions and/or physical characteristics, errors in the model structure, calibration procedure, and calibration data are the main sources of uncertainties (Bastola et al., 2011; Brigode et al., 2013; Yang et al., 2008) . In non-stationary conditions, such as will occur under climate change, the coarse resolution of the climate models, their representation of the atmospheric and other processes, and differences in results of downscaling techniques are key concerns (Braga et al., 2013; Chiew et al., 2010; Ficklin et al., 2009; Minville et al., 2008; Teng et al., 2012; Xu et al., 2011) . Although the relative significance of the different sources of uncertainty has not often been quantified, studies have shown that uncertainties from GCM outputs are more significant than those from hydrological models (Arnell, 2011; Chen et al., 2011; Teng et al., 2012) .
In the Nzoia River basin, the target area of this study, historical occurrence of extreme hydrological conditions with dire consequences for local populations have already exposed the vulnerability of human and natural systems to hydrological changes. Land use on the slopes of Mt. Elgon is characterized by conflict between conservation measures and subsistence farming. Frequent landslides and floods initiated by high rainfall and land degradation in the area have claimed lives and destroyed property in the recent past (Claessens et al., 2007) . The area is endowed with a rich biodiversity, which influences lives and livelihoods of thousands of people through provision of ecosystem services and products (Petursson et al., 2006) . This area forms the upper reaches of the Nzoia River and contributes a significant proportion to its streamflow volume. However, climate change is likely to affect hydrological processes, possibly increasing the vulnerability of farmers to natural variation. Assessment of the potential climate change impacts on streamflow is therefore crucial for disaster preparedness, irrigation planning and structural development. Since the area has not received adequate attention in climate change impact assessment, this study seeks to assess the potential impacts of climate change on streamflow in Mt. Elgon watersheds using the Soil and Water Assessment Tool (SWAT). An ensemble mean for ten GCMs and three greenhouse gas emissions scenarios (A1B, A2 and B1) was used to create future scenarios to run the calibrated and validated SWAT model. 
Materials and methods

Study area
The study area consists of the upper reaches of the Nzoia River basin (Fig. 1) . The river is fed by tributaries flowing from the south-eastern slopes of Mt. Elgon and the Kapcherop forest in western Kenya. It drains to the south-west into Lake Victoria. The catchment area for this study is about 10,156 km 2 , located between longitudes 34.4 • and 35.6 • E, and latitudes 0.1 • and 1.3 • N. The area has high topographic relief characterized by steeply sloping uplands and elevation ranging from 878 in the Nzoia River valley to 4304 ma.s.l at the peak of Mt. Elgon. The climate of the area is mainly tropically humid, with mean annual rainfall of 1400-1800 mm and an average temperature of 14-24 • C, though both climate parameters vary strongly with elevation. The annual rainfall pattern is bimodal, with long rains between March and June, and short rains from September to November. Mean temperature is lowest in June to September. Potential evapotranspiration decreases with increasing altitude (Githui et al., 2009) . The soils in the area consist of clay, as well as loamy and sandy soil types. In terms of land use, the area is characterized by intensive agricultural activities, forest and significant presence of shrub land. The upper reaches of Mt. Elgon are covered with protected afro-montane forests. , 1998) . In this model, basins are sub-divided into multiple sub-watersheds which are further sub-divided using combinations of soil, land use and slope to form hydrologic response units (HRUs) (Arnold et al., 1998; Bouraoui et al., 2002; Neitsch et al., 2011) . The water balance equation (Eq. (1)) is used to simulate the hydrological balance for each HRU (Arnold et al., 1998) .
where SW t (in mm) is the final soil water content, SW 0 (in mm) is the initial soil water content on day i, t (day) is the time, R day (in mm) is the amount of precipitation on day i, Q surf (in mm) is the amount of surface runoff on day i, E a (in mm) is the amount of evapotranspiration on day i, w seep (in mm) is the amount of water entering the vadose zone from the soil profile on day i, and Q gw (in mm) is the amount of return flow on day i.
Data
The topographic characteristics and spatial distribution of land cover/use and soil types facilitate delineation of the stream network and hydrologic response units in the SWAT model. For this study, a 90 m resolution Digital Elevation Model (DEM) was obtained from the NASA Shuttle Radar Topography Mission (SRTM) (Jarvis et al., 2008) . The land cover/use map was obtained from the Joint Research Center (JRC) of the European Commission Global Land Cover 2000 dataset (Mayaux et al., 2003) and reclassified according to SWAT model input requirements. Forests are spread widely in the upper and mid-elevation parts of the area, while cropland is located at mid-elevation and in the lower parts. Daily precipitation, maximum air temperature, minimum air temperature, relative humidity, wind speed and solar radiation data are required to drive the water balance model in SWAT. Information on soils in the area was derived from the Kenya Soil and Terrain database (KENSOTER) (KSS ISRIC, 2007) . Daily rainfall data (14 stations), and minimum and maximum temperature data (two stations) were obtained from the Kenya Meteorological Department, while relative humidity, wind speed and solar radiation data were simulated using the weather generator in SWAT. This weather generator was also used to fill in missing rainfall and temperature data.
Temperature and rainfall change data for three future periods, 2011-2040 (2020s), 2041-2070 (2050s) and 2071-2100 (2080s), relative to current climatic conditions, were downscaled using the delta-change approach. This method is stable, robust and simple in generating climate scenarios from a group of global climate models, leading to its wide application in previous studies (Andréasson et al., 2004; Boyer et al., 2010; Merritt et al., 2006; Minville et al., 2008) . Table 1 shows the GCMs used in this study. The model data was obtained from the Canadian Climate Change Scenarios (CCCSN) website. The monthly rainfall and mean temperature anomalies were then applied to observed daily data in the SWAT model. Thus, rainfall intensity was perturbed by multiplying observed rainfall with monthly change factors, while temperature was perturbed by adding the prescribed monthly change to the respective monthly baseline conditions to obtain daily perturbation (Bouraoui et al., 2002; Mengistu and Sorteberg, 2012) . As stated by Boyer et al. (2010) , the biases in the GCMs are assumed constant in both reference and future periods. The temporal variability (daily to interannual) of the observed climate variables during the reference period is also maintained for the simulated series.
SWAT model setup
Based on the DEM, the area was divided into 22 sub-watersheds using the 1DD01A River gauging station (Latitude 0.37 • N, Longitude 34.49 • E) as the main outlet (Fig. 1) . Based on land use, soil type and slope, the sub-watersheds were further divided into a total of 345 hydrologic response units (HRUs). The modified Soil Conservation Service (SCS) curve number method was used to estimate surface runoff from precipitation summed across all the HRUs in a sub-watershed based on soil, land use, and management information (US-Soil Conservation Service Engineering Department, 1972). The Hargreaves method was used for estimating potential evapotranspiration, while channel runoff routing was simulated using the variable storage method (Neitsch et al., 2011) .
Model calibration and uncertainty analysis
The periods 1986-1998 and 1973-1985 were used for stream flow calibration and validation respectively. A latter period (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) was selected for model calibration because both the meteorological and streamflow records during this period were complete and they presented both low and high flow conditions. The period was thus suitable for training the model to efficiently depict the hydrological processes in the watersheds. Prior to model calibration, the parameters shown in Table 2 were identified as most sensitive based on a sensitivity analysis procedure in SWAT. These parameters represent the groundwater, soil, runoff, evaporation and channel components of the watershed hydrological process. Prior to the final model calibration, the parameter ranges were modified manually based on correlation between the simulated and observed streamflow while ensuring sufficient parameter space as well as fast convergence. In the manual calibration, the default parameter values for the CN2, ALPHA BF, SOL AWC, RCHRG DP, GW DELAY, SURLAG and SOL K were adjusted to improve on the volume and timing of the simulated flow hydrograph. These parameters were selected due to their influence on the runoff and baseflow generation in the SWAT model.
The sequential uncertainty fitting (SUFI-2) algorithm in the SWAT CUP software was used for autocalibration and uncertainty analysis (Abbaspour et al., 2007) . SUFI-2 is a widely used tool for combined calibration and uncertainty analysis of the SWAT model (Faramarzi et al., 2010; Setegn et al., 2008; Strauch et al., 2012) . As shown by Yang et al. (2008) , SUFI-2 requires fewer simulations compared to the Generalized Likelihood Uncertainty Estimation (GLUE), Parameter Solution (ParaSol), and Bayesian inference techniques to achieve a similar level of performance. In SUFI-2, both relative and absolute parameter ranges were used to generate combinations of parameter values within which optimum values are identified by comparing simulated and observed data (Chien et al., 2013) . The fitted parameter sets are drawn independently using Latin hypercube sampling and are expressed in terms of narrowed parameter ranges (Strauch et al., 2012; Yang et al., 2008) . The parameter values can be modified either by replacement of the initial value, addition of absolute change or multiplication by a relative change factor to obtain the optimum value. A step-by-step description of the SUFI-2 optimizing algorithm is outlined by Yang et al. (2008) .
Model performance was evaluated using the p-factor, r-factor, coefficient of determination (R 2 ), and Nash-Sutcliffe efficiency (NSE). The p-factor represents the percentage of observed data enclosed by the 95% prediction uncertainty (95PPU) whereas the r-factor is the average width of the 95PPU divided by the standard deviation of the observations. The goal of SUFI-2 is to minimize the width of the uncertainty bound and enclose as many observations as possible (Abbaspour et al., 1997) . 
Climate change scenarios
The climate change scenarios used in this study represented the minimum and maximum expected precipitation and temperature changes for all the ten climate models used. Fig. 2 shows the ensemble means of projected monthly precipitation and temperature scenarios. The scenarios consisted of monthly percentage change for rainfall (multiplicative factor) and degrees Celsius change for temperature (additive factor) in the future periods relative to the baseline period for each GCM projection. The relative monthly rainfall variations show a generally unidirectional pattern for the analyzed scenarios and time periods. In the 2020s, under scenario A1B, a major increase in monthly precipitation is projected in February (14.2%) and September (32.5%), while a decrease is expected in April (−0.6%) and May (−1.6%). Under the B1 scenario, the projected mean monthly changes by the 2020s are higher than in the 2050s, but lower compared to the 2080s. The projected increase in April (6.6%) and May (4.0%) for the 2020s, reverses to a negative change in the 2050s (−2.2% and −1.5% for April and May, respectively), and again shows an increase to 7.7% and 3.3% by the 2080s. Unlike the precipitation anomalies, monthly temperature anomalies show a fairly consistent increasing trend irrespective of climate scenario. Projected temperature change ranges between 0.2 and 2.4 • C for the 2020s, 0.9 and 4.0 • C for the 2050s and 1.0 and 5.9 • C for the 2080s depending on the emissions scenario and climate model. All the models indicate that the greatest warming occurs from May to September. 
Results and discussion
SWAT calibration and validation
The sensitivity values from the parameter estimation in SUFI-2 indicated that 6 parameters were highly sensitive: Deep aquifer percolation fraction (RCHRG DP), Groundwater "revap" coefficient (GW REVAP), soil evaporation compensation factor (ESCO), threshold depth of water in the shallow aquifer for return flow to occur (GWQMN.gw), initial SCS curve number II value (CN2) and groundwater delay time (GW DELAY). The 95PPU enclosed 61% of the observed flow data, and an r-factor of 0.97 was obtained. The optimal parameter combinations simulated the observed flow well in the SWAT model. The R 2 values for daily flow simulation were 0.63 and 0.61, and NSE values were 0.54 and 0.61 for the calibration and validation periods, respectively. The simulated monthly flow also corresponded well with observed flow, with R 2 values of 0.68 and 0.70 and NSE values of 0.58 and 0.70 for the calibration and validation periods, respectively. Fig. 3 shows the daily flow hydrographs for the calibration (1986-1998) and validation (1973-1985) periods.
Projected streamflow changes
Mean annual streamflow changes
Climate change is likely to cause varied hydrological impacts due to the projected spatial and temporal variation in changes of temperature and precipitation. In this study, hydrological impacts were determined based on averaged anomalies for all climate models per emission scenario and future period. The mean annual streamflow response to the climate scenarios is summarized in Table 3 in terms of the possible decrease and increase. Relative changes in annual mean streamflow exhibited a large uncertainty when the projected temperature and precipitation changes were used in the SWAT model. In the Koitobos watershed, the mean annual flow is projected to change by −51.8% to 73.8% in 2050s and by −41.8% to 149.4% in 2080s under A2 scenario. The annual mean flow in the Rongai watershed is likely to change by between −43.3% and 90.2% by 2020s and −50.2% and 135.6% by 2050s under A1B scenario. In this watershed, by the 2080s under the A2 scenario, the range of expected streamflow change is −42.6% and 189.6%. Under the B1 scenario, mean annual streamflow in Rongai is expected to change by between −52.7% and 92.9% by the 2020s, −39.6% to 82.5% by the 2050s, and −51.7% to 107.0% by the 2080s. The projected change in the mean annual streamflow in Kimilili under scenario A2 is −37.5% to 81.5% and −47.8% to 90.4% for the 2020s and 2050s, respectively, and −51.0% to 51.5% under scenario B1 for the 2050s. In the Kuywa watershed, annual streamflow is expected to change by between −59.2% and 66.2% by 2050 and −48.8% and 131.6% by 2080s under the A2 scenario.
Mean monthly streamflow changes
The projected monthly streamflow changes in the Koitobos watershed are shown in Fig. 4 . By the 2020s, under the A1B scenario, streamflow in Koitobos shows a wide uncertainty particularly in March to September. In this period, the projected streamflow shows a likely change by between −46.6% and 75.4% in May and −46.4% and 115.8% in August under the A1B scenario.
For the A2 scenario, in the same period and watershed, a reduced amount of uncertainty in streamflow change is expected. A wide range of expected changes is shown between April and October. In this scenario, the increase in monthly streamflow is likely to reach up to 59.3% in April, and 66.8% in October, while the decrease is expected to reach up to 60.8% in July. The B1 scenario projections for this watershed for the 2020s period show that streamflow has a high uncertainty in April, May and August. By the 2050s, the A1B scenario shows a similar pattern of streamflow change as the 2020s period, but the magnitude of the uncertainty in the projected changes is greater. Scenario A2 also shows a similar pattern, but higher magnitude of changes by the 2050s compared to the 2020s. Scenario B1 in this period projects that flow is likely to change by between −15.5% and 79.0% in March, −43.3% and 86.6% in September, −40.4% and 74.8% in October, and −29.0% and 68.6% in November. By the 2080s, for scenario A1B, a similar pattern of change as for the 2050s is expected, except that the uncertainty in the projected flow in June, September and October increases. Streamflow changes of between −44.4% and 125.5% in April and between −67.5% and 201.6% are expected in this period. Under the A2 scenario in the 2080s, flow is expected to change by −29.6% to 138.4% in April, −38.4% to 133.9% in May and −48.1% to 172.4% in June, while under the B2 scenario, a similar pattern of change is expected but with lower uncertainty.
The pattern of streamflow change in Rongai, Kimilili and Kuywa is shown in Figs. 5-7. As shown in Fig. 5 , large increases by the 2020s are expected in August to November under all emission scenarios in the Rongai watershed. During this period, large flow decreases are likely to occur in April to July. In the Kimilili watershed, as shown in Fig. 6 , by the 2020s scenarios A1B indicates that streamflow in February is likely to change by −20.1% to 90.3%, while in September, flow is likely to change by −45.7% to 62.0%. The Kuywa watershed exhibits similar patterns of projected streamflow changes (Fig. 7) .
Discussion
The streamflow response to climate change was assessed at sub-basin level based on a singlesite calibration of the SWAT model. The streamflow simulated by SWAT for the baseline period is consistent with the observed flow data during the calibration and validation periods. A single site was used for calibration and validation due to lack of reliable data upstream. Consequently, spatial variation in hydrologic responses of sub-basins was not well simulated. Collection of multi-site and multi-variable data is necessary to improve the model calibration (Chien et al., 2013) . Spatio-temporal variability in streamflow can be caused by changes in climatic factors as well as land use/cover features ( Kim et al., 2013; Tu, 2009; Wang et al., 2013) . The effect of land use/cover change on streamflow was not considered in this study; hence climate change was the primary factor causing the streamflow change.
The study demonstrates diverse streamflow responses in Mt. Elgon watersheds under climate change. Projected monthly streamflow changes vary across the watersheds. The results show that August to December streamflow is likely to be highly altered in the Koitobos and Kimilili watersheds, while in the Kuywa watershed, March to June flows are likely to change considerably due to climate change. In Rongai watershed, major streamflow changes are likely in March to June, and August to November. Streamflow variability in the four watersheds was different, suggesting varied buffering capabilities in response to climate forcing in the four watersheds. The watersheds are characterized by varied coverage of forest and protected area as well as agricultural land use activities which is likely to affect their respective runoff generation mechanisms despite their proximity.
The results of this study are characterized by uncertainties emanating from the GCM projections, the hydrological model and model parameters. The estimation of orographic climate data in SWAT is based on elevation bands as well as the mean difference between the gauging station elevation and mean elevation of each band. The estimated runoff impacts can be improved by use of climatic data with a high spatial resolution to account for spatial variation in climatic parameters. Calibrated SWAT model parameters were assumed to remain constant in future climatic conditions. Spatial and temporal generalization of results will, therefore, require consideration of the spatial-temporal patterns of climate as well as change in land use patterns due to human activities to better capture uncertainties in hydrological responses.
Climate change impact was assessed based on relative monthly anomalies of rainfall and temperature. The downscaling approach used in this study assumes that rainfall frequency in the baseline period remains similar across future periods. We, therefore, recommend that a more advanced downscaling method be used, as different downscaling methods may produce different future climate projections.
Conclusions
In this study, the potential implications of climate change for streamflow in the upper Nzoia River basin were assessed using the SWAT model. The model was calibrated and validated over the 1986-1998 and 1973-1985 periods, respectively. The SWAT model efficiently captured the historical hydrological processes in the upper Nzoia Basin based on the observed meteorological data. Thus, this model can be applied in understanding of the dynamic water balance processes in this area.
The delta change downscaling method was used to generate three scenarios of projected changes in future rainfall and temperature for each of three future time periods: the 2020s (2011) (2012) (2013) (2014) (2015) (2016) (2017) (2018) (2019) (2020) (2021) (2022) (2023) (2024) (2025) (2026) (2027) (2028) (2029) (2030) , the 2050s (2041-2070) and the 2080s (2071-2100). The baseline and future periods were compared in terms of relative change. Large uncertainties in the future precipitation, temperature and streamflow are expected. At sub-basin level, the streamflow response to precipitation and temperature change is nonlinear. However, projected streamflow changes are highly dependent on the direction of projected precipitation changes, as concluded also by Shrestha et al. (2013) and Kingston et al. (2011) . Subbasins showed distinct responses despite their proximity which the authors attribute to differences in land use activities and soil types. In the four watersheds, projected streamflow change shows high uncertainty during the wet period (April to June and August to November). The quantitative impacts of these changes will have significant implications for development and ecosystems in the watersheds and downstream areas.
This study provides a wide range of expected changes in streamflow, basic climatic characteristics and the associated uncertainty. Despite the uncertainty in the projections, the study presents useful insights for long-term basin-wide strategic planning and implementation of development projects, disaster preparedness strategies and water resources management in this important basin. The projections show likely high increases of streamflow, particularly between August and November, which ought to sound an alarm for reassessment of the design and sustainability of flood and landslide disaster management and mitigation measures in the area. The significance of a multi-model approach in climate change impact assessment has also been highlighted. The use of multi-climate models to force different hydrological models would provide a detailed picture of expected uncertainties, as well as possible hydrological responses and trends in the basin. Consequently, we recommend a well-coordinated hydrological impact assessment in the region, based on regionally downscaled climate projections to clearly expose what is certain and what is uncertain about expected changes to regional-scale hydrology in the Mt. Elgon area.
